Abstract Four dynamical downscaling simulations are performed with different combinations of land cover maps and greenhouse gas (GHG) levels using the Weather Research and Forecasting (WRF) model nested in the Community Earth System (CESM) model. A pseudo-global warming downscaling method is used to effectively separate the anthropogenic signals from the internal noises of climate models. Based on these simulations, we investigate the impacts of anthropogenic increase in GHG concentrations and land use and land cover change (LULCC) on mean climate and extreme events in the arid and semi-arid regions of China. The results suggest that increased GHG concentrations lead to significant increases in the surface air temperature at 2 m height (T2m) by 1-1.5°C and greater increase in the warm day temperature (TX90p) than the cold day temperature (TX10p) in the arid and semi-arid regions. Moreover, precipitation increases by 30-50% in the arid region in cold season (November to March) due to the GHG-induced increase in moisture recycling rate and precipitation efficiency. LULCC leads to significant decreases in the T2m, TX90p, and TX10p by approximately 0.3°C. The regional LULCC accounts for 66 and 68% decrease in T2m in warm and cold seasons, respectively. The rest changes in T2m results from the changes in lateral boundary condition induced by the global LULCC. In response to LULCC, Climatic Change (2017) 144:491-503 DOI 10.1007/s10584-017-2025 This article is part of a Special Issue on BDecadal Scale Drought in Arid Regions^edited by Zong-Liang Yang and Zhuguo Ma. both the warm and cold day temperatures show a significant decrease in cold seasons, which primarily results from the regional LULCC. LULCC-induced changes in precipitation are generally weak in the arid and semi-arid regions of China.
Introduction
Human activities have caused a rapid increase in greenhouse gas (GHG) concentrations and dramatic changes in land use and land cover over the past centuries (Ramankutty and Foley 1999; Myhre et al. 2013) . The increase in GHG concentrations has warmed the global climate and caused more extreme events (Min et al. 2011) . In China, the annual mean surface air temperature increased by 0.5-0.8°C over the past century, which is slightly higher than the increase in global mean temperature (Ding et al. 2006) . North China has experienced a significant increase in the frequency of high-temperature extremes and a decrease in lowtemperature extremes since the 1950s (Zhai and Pan 2003; Zhao et al. 2011) . Observed annual mean precipitation shows a clear increase in the arid region of China over the past 50 years (Ma and Fu 2006; Yang and Ma 2014) . The frequency of heavy rainfall decreases in North China but increases in Northwest China and the mid-low reaches of the Yangtze River (Zhai et al. 2005; Ren et al. 2010) . Climate model simulations also suggested that increased GHG concentrations could lead to more rainfall extremes, although they are significantly underestimated compared to the observations (Min et al. 2011) .
Different from the GHG impacts, the impacts of land use and land cover change (LULCC) on climate change are strongly region-dependent and season-dependent (e.g., Fu 2003; Gao et al. 2003; Hua et al. 2015; Zhang et al. 2016 ). Multi-model ensemble simulations suggested that LULCC might mask or amplify the impact of increased GHG concentrations on regional climate . LULCC can lead to a significant decrease in diurnal temperature range by 2-3°C in eastern China (Hua and Chen 2013a; . In addition, LULCC-induced changes in extreme temperature can have a magnitude comparable to that resulted from the doubled CO 2 in the regions with significant LULCC . The same LULCC can induce different climate responses due to the snow feedback under different GHG levels (Pitman et al. 2011; Hua and Chen 2013b) .
Previous global climate model (GCM) simulations have significantly improved our understanding on the climatic effect of LULCC. However, it should also be noted that GCMs generally show a poor performance in simulating extreme events, especially for precipitation extremes. In comparison with GCMs, high-resolution regional climate models (RCM) can better simulate temperature and precipitation extremes (e.g., Gao et al. 2002; Tang et al. 2009; Flato et al. 2013) . Note that the GCM biases can be brought into RCM during the dynamical downscaling simulations (e.g., Sato et al. 2007; Xu and Yang 2012) . To improve the confidence of downscaled simulations, we employed a pseudo-global-warming dynamical downscaling approach in this study, which takes GCM bias correction into account. Compared with wet regions, arid and semi-arid regions are more vulnerable to climate change but received less attention in previous LULCC climatic effect studies. Therefore, we specifically investigate the anthropogenic climate change in the arid and semi-arid regions of China in this paper.
Model introduction and experimental design 2.1 Model description
The Community Earth System Model (CESM) and the Weather Forecast and Research (WRF) model were used in this study. CESM is a fully coupled earth system model, which can simulate Earth's atmosphere, ocean, land surface, and sea ice simultaneously (Gent et al. 2011 ). The atmospheric model is the Community Atmosphere Model with the horizontal grid resolution of 2.5°× 1.875°and 26 vertical layers. The ocean model is the Parallel Ocean Program version 2. The land surface model is the Community Land Model version 4 (CLM4) with 15 plant functional types (PFT), as well as bare ground, lakes, and glaciers (Dai et al. 2003) . CLM4 has 15 vertical soil layers for vegetated, wetland, and glacier land units and 10 vertical layers for lakes. The sea ice model is the Community Ice Code that is a dynamicthermodynamic model.
WRF is a non-hydrostatic model designed for both atmospheric research and operational forecasting needs (Skamarock et al. 2008) . The model domain is centered at 31°N and 103°E with a latitude-longitude grid spacing at 0.5°and 28 vertical layers. The main physical options we used include CAM shortwave and longwave radiation schemes (Collins and Coauthors 2004) , the Kain-Fritsch convective parameterization (Kain 2004) , the CLM4, and the Yonsei University planetary boundary layer scheme (Hong et al. 2006 ).
Dynamical downscaling method
The pseudo-global-warming downscaling (PGWD) approach was used to project the future climate (Schär et al. 1996; Sato et al. 2007; Kawase et al. 2009) . In this study, we employ the PGWD approach with a minor modification. The lateral boundary condition (LBC) for RCM is constructed by adding mean climate differences between GCM sensitivity simulation and historical simulation to 6-hourly National Centers for Environmental Prediction (NCEP) Reanalysis 2 data (Kanamitsu et al. 2002) . In this study, we only considered the external forcing-induced changes in GCM mean climate and neglected the changes in GCM interannual variability when constructing 6-hourly LBCs for RCM. In comparison with the traditional dynamical downscaling approach that directly employs GCM outputs as the LBC for RCM, the PGWD approach has two advantages. One is the reduction of bias in GCM mean climate because the LBC has a reanalysis-based climate. The other is the reduction of the uncertainty induced by interdecadal variabilities for short-term climate simulations. For example, we have two identical 30-year CESM simulations, C1 and C2, except driven by different GHG concentrations, respectively. The difference in mean climate between C1 and C2 cannot be fully explained by the difference in GHG concentrations. The climate in C1 and C2 evolves independently and may produce different interdecadal variations, say one is in positive phase, the other in negative phase of interdecadal variation during the 30-year simulation. The difference in the interdecadal variations could also lead to 30-year mean climate difference between C1 and C2. In the PGWD approach, all bias-corrected CESM experiments have the same interannual and interdecadal variations inherited from the reanalysis data and therefore exclude the uncertainties induced by different interdecadal variations. This is the primary difference against the bias correction methods developed by Yang (2012, 2015) and Bruyère et al. (2013) which retained the GCM-simulated temporal variabilities. Note that the PGWD approach only considered the GCM-simulated changes in mean climate.
Experimental design
To investigate the impacts of increased GHG concentrations and LULCC on regional climate, three CESM sensitivity experiments were performed with current vegetation and pre-industrial (1850) GHG levels (C1), current vegetation and present-day (2000) GHG levels (C2), and potential vegetation and present-day GHG levels 2000 (P2). The letters C and P in the experiment identifier represent the current and potential land cover, respectively. The numbers 1 and 2 represent the 1850 and 2000 GHG level, respectively. These CESM sensitivity simulations will provide LBC for the WRF model. The potential vegetation distribution data were derived from the global land cover change data created by Ramankutty and Foley (1999) . Current vegetation data were derived from the moderate-resolution imaging spectroradiometer (MODIS) data. Each CESM simulation was integrated 140 years with spatial resolution of 1.9°× 2.5°. The last 100-year simulations were used to compute the climatological mean. A CESM historical simulation was performed using observed natural and anthropogenic forcing during the period from 1948 to 2014. Only the simulations from 1980 to 2014 were used in this study. CESM biases in climatological means were computed using the CESM historical simulation and NCEP reanalysis 2 data during the period from 1980 to 2014 due to data availability. The bias correction was applied to the air temperature, zonal and meridional winds, geopotential height, relative humidity, surface pressure, sea level pressure, SST, soil temperature, and soil moisture at each grid point and vertical level for all CESM output data.
Four WRF downscaling simulations, C1C1, C2C2, P2P2, and P2C2, were performed with bias-corrected CESM simulations C1, C2, P2, and C2 data as initial condition and LBC, respectively (Suppl. Table 1 ). The first letter-number combination (e.g., P2) represents the configuration of the WRF model. The second letter-number combination (e.g., C2) indicates the CESM simulation data that provide LBC for WRF. In WRF simulations, the GHG concentrations and land cover data, including PFT, leaf area index (LAI), and canopy height, are consistent with those of the corresponding CESM simulations, except that a finer resolution (0.5°) land cover data was used in WRF. Both the CESM and WRF employed the same land surface model. Thus, our simulations exclude the uncertainty induced by the discrepancies in land cover classification between GCM and RCM. The primary LULCC in Asia is characterized by converting forest into crop and grass land in eastern China and India (Suppl. Fig. 1 ). Each WRF simulation was integrated 35 years from 1980 to 2014 with spatial resolution of 0.5°× 0.5°. The model domain and terrain height are shown in Suppl. Fig. 2a . The first 3 years were discarded for spin-up. Model outputs were saved in 3-h intervals. Monthly mean data were computed based on the 3-hourly WRF outputs. C2C2 minus C1C1 represents the influence of increased GHG concentrations. C2C2 minus P2C2 represents the influence of regional LULCC that only considers the LULCC within the WRF domain since both WRF simulations use the same LBC. P2C2 minus P2P2 represents the influence of global LULCC through LBC only. C2C2 minus P2P2 represents the total influence of regional LULCC and changes in LBC induced by global LULCC. Both the CESM and WRF models can reasonably simulate the spatial pattern of surface air temperature and precipitation although significant biases exist in the models. A detailed discussion of model biases is given in the Supplementary Information.
Data and statistical method
The Climate Research Unit (CRU) temperature data (Harris et al. 2014) and Global Precipitation Climatology Centre (GPCC) monthly precipitation dataset (Schneider et al. 2014) were used to validate the performance of downscaled simulation in Asia. In this study, the LBCs for the WRF model are constructed by adding CESM-simulated mean climate changes onto 6-hourly NCEP reanalysis 2 data. Thus, all LBCs have the same interannual variation inherited from reanalysis data. Consequently, four WRF simulations show very close interannual variations. Under such circumstances, a paired Student t test, which takes the serial correlation into account (Zwiers and von Storch 1995; von Storch and Zwiers 1999) , is employed to evaluate the statistical significance of the difference between two dynamical downscaling simulations.
Result

Changes in precipitation and 2-m air temperature climatology
Increased GHG concentrations cause an overall increase in precipitation in the whole arid and semi-arid regions in cold seasons (Fig. 1a) . A maximum increase of 30-50% in precipitation occurs in the arid region, i.e., Tarim Basin (37-42°N, 75-90°E). In warm seasons, precipitation also shows an increase in the Tarim Basin due to the increased GHG concentrations. In contrast, the impact of LULCC on precipitation is weak in the arid and semi-arid regions in both seasons (Fig. 1c, d ). In the North China Plain, LULCC leads to a significant decrease in precipitation by 10% in cold seasons, which clearly results from the regional LULCC rather than the global LULCC-induced changes in LBC (Fig. 1c, e, g ). Nonetheless, the LBC effect causes a weak but significant decrease in precipitation in Kazakhstan in cold seasons (Fig. 1g) .
To investigate the physical mechanism of GHG-induced increase in precipitation in the cold season, we computed the moisture recycling rate β and precipitation efficiency χ based on regional moisture budget analysis (Schär et al. 1999) . Assuming the moisture originated from evapotranspiration and outside of the domain are well mixed both in space and time (Budyko 1974) , we have
where IN denotes the vertically integrated atmospheric moisture flux into the domain. ET and P indicate the evapotranspiration and precipitation within the domain, respectively. Clearly, β represents the ratio of ET to total moisture into the domain based on Eq.
(1). Given the well-mixed moisture assumption, β can also be interpreted as the ratio of precipitation originated from ET to total precipitation. The difference of precipitation between the sensitivity and control experiments can be written as
Substitution from Eq. (2) yields
and through rearrangement of the terms, we have
The first term on the right-hand side of Eq. (4) is the direct effect, which isolates contribution of changes in moisture fluxes ΔIN and ΔET to total change in precipitation. In contrast, the second term is the indirect effect, which represents the changes in precipitation caused by the changes in precipitation efficiency Δχ = χ s -χ c .
Our results suggest that the increased GHG concentrations cause a significant increase in recycling rate by 19.8% in the arid region in cold seasons, which is qualitatively consistent with the change in recycling rate revealed by reanalysis data over the period of 1979-2010 (Hua et al. 2016) . Moreover, the precipitation efficiency increases by 10.3% (Suppl. Table 2 ). Both the increase in recycling rate and precipitation efficiency favors the increase in precipitation. The direct effect accounts for 0.90 mm/month (51%) increase in precipitation. In contrast, the indirect effect accounts for 0.88 mm/month (49%) increase in precipitation (Suppl. Table 2 ). In association with the increase in GHG concentrations, atmospheric moisture shows a significant increase in cold seasons, which favors the increase in the moisture flux into the domain and enhances the direct effect (Suppl. Fig. 5a ). On the other hand, increased GHG concentrations lead to a significant decrease in lifting condensation level (LCL) by 13 hPa over the Tarim Basin in cold seasons (Suppl. Fig. 5b ). Thus, it is easier to trigger convection under wetter conditions, which may enhance the precipitation efficiency. It should be noted that the semi-arid region shows greater decrease in LCL than the arid region (Suppl. Fig. 5 ). However, the increases in recycling rate and precipitation efficiency are very weak (Suppl . Table 3 ). Consequently, the percentage precipitation shows a relative weak increase in the semi-arid region than the arid region (Fig. 1a) . In warm seasons, increased GHG concentrations lead to a significant increase in recycling rate by 11.7% in the semi-arid region but the change in precipitation efficiency is marginal. The increase in precipitation primarily results from the direct effect associated with the increase in water fluxes ET and IN in warm seasons (Suppl. Table 2 ). T2m shows a 1-1.5°C increase due to the increased GHG concentrations in both seasons (Fig. 2a, b) . In contrast, LULCC-induced change in T2m is much weaker than GHG-induced change, except in the North China Plain where LULCC leads to a 1-2°C increase in T2m in warm seasons (Fig. 2d) . In the arid region, LULCC causes a 0.35 and 0.22°C decrease in T2m in cold and warm seasons, respectively (C2C2-P2P2, Table 1 ). The regional LULCC (C2C2-P2C2) accounts for a 0.23°C (69%) decrease in T2m in cold seasons and a 0.14°C (64%) decrease in warm seasons. In contrast, the change in LBC induced by global LULCC (P2C2-P2P2) accounts for a 0.11°C (31%) decrease in cold seasons and a 0.08°C (36%) decrease in warm seasons. Compared with the change in LBC induced by global LULCC, regional LULCC plays a dominant role in determining the change in T2m (Fig. 2c-h , Table 1 ). It should be noted that the impact of global LULCC through LBC can also reach the significance level of 0.05 although its impacts appear to be weak (Fig. 2g, h ). The changes in T2m are highly consistent with those in the land surface temperature (figure not shown). We can investigate the causes of the changes in the land surface temperature based on the land surface energy balance equation:
where R a is the absorbed solar radiation at the land surface (ASR), L↑ is the upward longwave radiation from the land surface, L↓ is the downward atmospheric longwave radiation (ALR), H is the sensible heat flux (SH), λE is the latent heat flux (LH), and G is the ground heat flux (GHF). Based on the Stefan-Boltzmann law and Eq. (5), the longwave radiation emitted from the land surface can be written as
where σ is the Stefan-Boltzmann constant (5.67 × 10
) and T is the land surface temperature (radiative temperature). The change in the land surface temperature can be explained by the changes in the terms on the right-hand side of Eq. (6). The increased GHG concentrations lead to a 6-9 W m −2 increase in ALR in both the arid and semi-arid regions of China, which plays a dominant role in the increase in the land surface temperature during both seasons (Fig. 3) . The increased GHG concentrations lead to a significant increase in latent heat flux, which partly cancels out the land surface warming. In cold seasons, LULCC causes a significant decrease in ASR, ALR, SH, and LH. The decrease in ASR is a result of enhanced surface albedo. The decrease in ASR and ALR tends to cool the land surface, whereas the decrease in SH and LH tends to warm the land surface. Given that the decreases in ASR and ALR are larger than that in SH and LH, the land surface temperature shows a significant decrease in both arid and semi-arid regions in cold seasons (Fig. 3a, c) . In warm seasons, LULCC leads to significant increases in ASR and SH and decreases in ALR and LH in the arid region (Fig. 3b) . The total cooling effect is larger than the warming effect and causes a significant decrease in the land surface temperature in the arid region. LULCCinduced changes in surface energy fluxes in the semi-arid region are similar to the arid region in the warm season. However, the total warming effect is larger than the cooling effect, which causes a land surface warming in warm seasons (Fig. 3d) . The changes in ASR, ALR, SH, and LH are primarily resulted from the regional LULCC in both arid and semi-arid regions. The global LULCC-induced changes through LBC play a minor role in determining the changes in Fig. 3 Changes in energy fluxes in arid and semi-arid regions of China in warm and cold seasons. ALR atmospheric longwave radiation, ASR absorbed solar radiation at the land surface, SH sensible heat flux, LH latent heat flux. The SH, LH, and GHF were multiplied by −1, respectively, for the ease of comparison. The positive (negative) change tends to warm up (cool down) the land surface. The solid circles and mesh bars indicate differences that reach the significance level of 0.05. a Arid region cold seasons. b Arid region warm seasons. c Semi-arid region cold seasons. d Semi-arid region warm seasons land surface energy fluxes, except for ALR. In the arid region, global LULCC induced a comparable decrease in ALR as that induced by regional LULCC (Fig. 3a, b) .
Changes in the surface air temperature and precipitation extreme indices
Several temperature and precipitation indices are computed by using daily surface air temperature and precipitation data in cold and warm seasons, respectively (Table 1) . Percentile-based temperature indices include the warm day temperature (TX90p), warm night temperature (TN90p), cold day temperature (TX10p), and cold night temperature (TN10p). TX90p (TN90p) is defined as the daily maximum (minimum) temperature at the 90th percentiles in cold or warm seasons. TX10p (TN10p) represents the daily maximum (minimum) temperature at the 10th percentiles. The precipitation indices include the consecutive dry days (CDD), consecutive wet days (CWD), precipitation days (PD), precipitation intensity (PI), and precipitation on very wet days (R95p). CDD and CWD are defined by the largest number of consecutive days when precipitation is less and greater than 1 mm day
, respectively. PD is defined by the number of days with daily precipitation greater than 1 mm day
. PI is defined by the mean precipitation amount on wet days (precipitation greater than 1 mm day
). For comparison, the daily mean temperature and precipitation are also shown in Table 1 .
All temperature indices show clear increases by 1-1.9°C due to the increased GHG concentrations in both seasons (Table 1 ). The warm day temperature (TX90p) and warm night temperature (TN90p) show greater increases than the cold day temperature (TX10p) and cold night temperature (TN10p), respectively, for both the arid and semi-arid regions of China. In comparison with the daytime temperature, nighttime temperature generally shows greater increases for both warm and cold events, indicating a reduced diurnal temperature range, which is consistent with previous studies (e.g., Zhou et al. 2010) . LULCC causes clear decreases in all temperature indices by 0.26-0.38°C (0.14-0.22°C) in the arid region in cold (warm) seasons. This indicates that the changes in temperature extremes appear to be mostly related to the shift of climate mean state, which is generally consistent with a previous GCM simulation study (Li et al. 2017 ). In the semi-arid region, all temperature indices show clear decreases by 0.13-0.34°C in cold seasons but 0.02-0.31°C increases in warm seasons due to LULCC. LULCCinduced decrease in daytime temperature indices (TX90p, TX10p) is greater than the corresponding nighttime temperature indices (TN90p, TN10p) for both warm and cold events in the arid and semi-arid regions in cold seasons. Consequently, LULCC also leads to a significant decrease in DTR in the arid and semi-arid regions of China. Previous studies suggested that LULCC can lead to a significant decrease in DTR in eastern China primarily due to the decrease in daily maximum temperature (e.g., Hua and Chen 2013a; . However, LULCCinduced changes in daily minimum temperature are inconsistent between two studies (Hua and Chen 2013b; . The comparison of C2C2-P2C2 with P2C2-P2P2 suggests that regional LULCC, relative to the LBC effect, plays a dominant role in determining the changes in temperature indices for the arid and semi-arid regions in both seasons.
Precipitation indices also show clear responses to increased GHG concentrations in the arid region in cold seasons. For example, CDD decreases by 6.6 days. In contrast, CWD increases by 0.15 day. Precipitation days increase by 1.13 days. The mean precipitation amount on wet days and the 95th percentile precipitation increase by 0.20 and 0.27 mm day −1 in the arid region, respectively. The changes in precipitation indices in the semi-arid region are comparable to those in the arid region in cold seasons. During warm seasons, the responses of precipitation indices to increased GHG concentrations are weak in the arid and semi-arid regions. LULCC leads to a decrease in PD by 0.11 day in the arid region in cold seasons, which results from the change in LBC associated with global LULCC rather than the regional LULCC effect (Table 1 ). In the semiarid region, PD decreases by 0.48 day, which is attributed to the regional LULCC effect, instead. In addition, LULCC also causes significant decreases in the 95th percentile of daily precipitation in the arid and semi-arid regions in cold seasons.
Conclusions
This paper investigates the relative impacts of increased GHG concentrations and LULCC on climate means and climate extremes over the arid and semi-arid regions of China by dynamically downscaling the CESM simulations with the WRF model. The pseudo-global-warming downscaling approach was employed, to reduce the biases inherited from the CESM simulations and uncertainties caused by internal variabilities in GCM. The results are qualitatively consistent with previous GCM and RCM simulations. For example, the increased GHG level generally causes a significant increase in temperature and precipitation in China (Gao et al. 2001) . LULCC causes a decrease in DTR in China (Hua and Chen 2013a; . However, our experimental design considered the forcing both from the RCM internal domain and its LBC, which allows us to perform a more reasonable comparison on the relative contribution of increased GHG level and LULCC to regional climate of China. In addition, the experimental design also allows separating the regional LULCC-induced changes from that induced by remote effects of global LULCC through LBC. Our results suggest that the increased GHG concentrations lead to a significant increase in T2m by approximately 1-1.5°C primarily due to the enhanced downward atmospheric longwave radiation. The temperatures during warm days (TX90p) and warm nights (TN90p) show larger increases than those during cold days (TX10p) and cold nights (TN10p) for both the arid and semi-arid regions. In response to the increase in GHG concentrations, fractional precipitation shows a significant increase by 30-50% in the arid region in cold seasons. The increase in precipitation largely results from the significant increase both in precipitation efficiency and moisture recycling rate. The extreme precipitation indices also show significant changes due to the increased GHG concentrations. For example, the consecutive dry days decrease by 6.6 days (2.4) in the arid (semi-arid) region of China in cold seasons. Moreover, the precipitation day increases by 1.13 days (1.51) and the precipitation intensity increases by 0.20 mm day −1 (0.19) in the arid (semi-arid) regions of China in cold seasons.
In response to LULCC, T2m decreases by approximately 0.3°C in the arid and semi-arid regions of China in cold seasons. The regional LULCC accounts for 66% (83%) decrease in T2m, while the rest of change in T2m results from the change in LBC induced by global LULCC. Similarly, the warm day and cold day temperatures show a significant decrease in cold seasons, which also mainly results from the regional LULCC (Table 1) . In warm seasons, LULCC also leads to decreases in temperature extremes in the arid region but the changes are weaker than that in cold seasons. LULCC-induced changes in precipitation are generally weak in the arid and semi-arid regions of China.
As a concluding remark, compared with the increased GHG concentrations, LULCC plays a relatively minor role in the changes in temperature and precipitation extremes in the arid and semi-arid regions of China, but LULCC can still cause significant changes and partly cancel out the GHG-induced changes. It should be noted that the results reported in this paper could be affected by the uncertainties of climate models and land cover data. A dynamical downscaling study with multiple land cover data, multi-GCM, and multi-RCM combinations would help assess the uncertainties and validate the results reported in this paper.
